Twin studies document substantial heritability for successful abstinence from smoking. A genome-wide association study has identified markers whose allele frequencies differ with nominal Po0.005 in nicotine-dependent clinical trial participants who were successful vs unsuccessful in abstaining from smoking; many of these results are also supported by data from two additional samples. More study is required to precisely determine the variance in quitting success that can be accounted for by the singlenucleotide polymorphisms that are currently identified and to precisely classify individuals who may display varying degrees of genetic vs environmental effects into quitters or nonquitters. However, the data at hand do allow us to model the effects of genotypic stratification in smoking cessation trials. We identify relationships between the costs of identifying and genotyping prospective trial participants vs the costs of performing the clinical trials. We quantitate the increasing savings that result from genetically stratified designs as recruiting/genotyping costs go down and trial costs increase. This model helps to define the circumstances in which genetically stratified designs may enhance power and reduce costs for smoking cessation clinical trials.
Introduction
Nicotine dependence imposes health burdens on smokers and financial burdens on society. Better aids for smoking cessation and improved understanding of individual differences in the ability to successfully quit smoking are thus both important. One approach to enhancing studies aimed at improving smoking cessation would be to utilize emerging information from studies of the molecular genetics of successful smoking cessation. However, no prior work of which we are aware has modeled the potential efficacy of incorporating such molecular genetic information into clinical trials of aids for smoking cessation.
Twin studies indicate that success at achieving abstinence from smoking is substantially heritable [1] [2] [3] [4] [5] [6] [7] [8] with about 0.5 genetic and 0.5 environmental influences. Clinical trials of aids to smoking cessation reveal that about 10 vs 20% of research volunteers who receive placebo vs active treatments remain abstinent at 1-to 2-month follow-up periods.
achieve and/or maintain this abstinence ('nonquitters'). Of the 520 000, 2321 tested SNPs display allele frequencies that distinguish quitters from nonquitters with nominal Po0.005. 12 This initial study was not powered sufficiently to identify all of the SNP allelic frequencies that separate quitters from nonquitters. However, many of the positive SNPs from this study receive support from studies of two additional independent samples. 13 These 2321 SNP allelic frequencies thus provide one reasonable initial representation of the SNP allelic frequencies that will eventually be identified as reproducibly distinguishing quitters from nonquitters. It is important to note that replication in independent samples will be required to determine precisely how much of the variance in quitting success was actually accounted for by these SNPs, how much this model can predict about behavior of individuals with varying degrees of genetic effects and how well the model correctly classifies individuals into quitter vs nonquitters. However, we can thus use the allelic frequencies for the SNPs that we have identified to model the effects of genomic stratification on clinical trials of nicotine quit success, even though we anticipate that an overlapping but different set of SNPs will eventually provide the best ability to distinguish individuals who will be more vs less likely to succeed during attempts to quit smoking. We use additive models of combined genetic and environmental features to develop a composite index of the risks for participants in a clinical trial to experience success in smoking cessation. Additive models represent only one of a variety of ways in which genetic and environmental factors could combine to produce disease risk. Additive models do not provide separate terms for gene Â gene (g Â g) or gene Â environment (g Â e) interactions. Nevertheless, such models are mathematically straightforward. Additive models also fit well with the additive genetic values for heritability (a 2 ) that come from twin studies. 3 We thus use additive models as a first approximation that can be refined in subsequent studies as the precise nature and magnitude of g Â g and g Â e interactions becomes clearer. As the total weight of environmental factors roughly equals the total weight of genetic factors, we relabel the numerical values from the allele frequency estimates to estimate environmental features that alter success in smoking cessation.
We thus report an initial model of the effects of genotypebased stratification on clinical trials for smoking cessation. This model uses simulated individuals who have each been assigned an additive risk of smoking cessation success based on 2321 genetic and 2321 environmental elements. Although seven of the clusters of nominally positive SNPs from different studies do display significant linkage disequilibrium that is not taken into account here, we do not directly consider the modest error that this linkage disequilibrium provides for such a first approximation model. We use threshold approaches for defining the individuals who will quit smoking with placebo vs active treatment. We use data from the costs and sizes of current clinical trials from our experience and those of pharmaceutical industry associates.
14,15

Results
We first compare results from 'random population' vs 'genetically stratified' samples for small, medium and large clinical trials. For each of 100 000 Monte Carlo simulation trials of 'random population' samples, 10 and 90% of the mock trial participants are sampled randomly from populations (n ¼ 100 000 each) of 'genetic quitters' and 'genetic nonquitters', respectively. For each of 100 000 Monte Carlo trials of 'genetically stratified' samples, 50 and 50% of mock trial participants in placebo and treatment groups are sampled from 'genetic quitters' and 'genetic nonquitters', respectively. Values of w 2 for the significance of the difference between 0.1 ('placebo') and 0.2 ('treatment') quit rates are compared for each trial (Figure 1 ).
For small trials with n ¼ 40, power to detect a Po0.05 effect is 0.14 with genetically based stratification and 0.006 without stratification. For medium sized trials with n ¼ 200, power is 0.99 and 0.34, respectively. For large studies with n ¼ 2000, power is virtually 1 for either design.
We can also model effects of genetic stratification based on assays that provide only half of the maximal possible genetic information ('half-max'). For studies (n ¼ 200), power is 0.91 for half-max and 0.34 for nonstratified samples. To achieve the 0.91 power that a half-max-stratified study achieves with n ¼ 200, a nonstratified study would require n ¼ 450.
We can thus explore cost/benefit analyses for half-max stratification. To identify 100 treatment and 100 placebo subjects for 0.9 power, 'half-max' designs require recruiting and genotyping 1019 individuals. A nonstratified trial with the same 0.9 power would need to study 225 treatment and 225 placebo participants. In Figure 2 , we assume $150 per person genotyping costs and allow additional recruiting and trial costs to vary. When we calculate the net difference between stratified and nonstratified trials, the direct savings for trials with half-max stratification rise from 4 to 15 million dollars as the costs per participant rise from the approximately $4000 characteristic of 'academic' trials to the $25 000 per participant costs characteristic of some pharmaceutically sponsored trials (JR, unpublished results). As genotyping costs rise from $150 to $500 per individual, the same overall relationships still hold (Figure 2 , legend).
Discussion
Trials for smoking cessation are favorable places for quantitating the effects of genetic stratification on clinical trial design, power and costs for several reasons: (1) trials for smoking cessation often result in about 10-20% of participants achieving abstinence in placebo and actively treated groups, 9-11 respectively; (2) costs of such trials are known; (3) twin study data provide good estimation of the magnitudes of additive genetic and environmental influences on smoking cessation success [5] [6] [7] [8] Many of the other assumptions necessary for modeling smoking cessation success can also be supported by some data: (1) SNP allele frequencies that distinguish successful from unsuccessful quitters in an initial publication can be used as a surrogate for a future data set that will contain all such allele frequencies and detailed information concerning linkage disequilibrium between them; 12 (2) relabeled data from these SNP allelic frequencies can be used as a surrogate for the individual 'environmental' elements that represent the 50% of environmental determinants of quitting success 6 and (3) data from twin studies that evaluate heritability of success in smoking cessation outside of clinical trials 6 can be used to estimate the genetic and environmental features of the likelihood of nicotine quit success that apply within clinical trials. We can also use reasonable assumptions that include a threshold model to approximate smoking cessation in placebo and treatment groups.
It is important to note that the results of the current modeling do not distinguish between the benefits of genotypic stratification in (1) reducing variance or (2) enhancing treatment-response magnitude; both effects are likely here. It is also important to note other novel and/or limiting features of the present work. (1) We are aware of no other example that uses such an approach to clinical trials focused on any other complex disorder, perhaps because there are few treatment responses for which both the genome-wide association and the twin data sets, both required for the present analyses, are available. (2) The current approach uses each SNP as an independent marker and does not account for 'functional' SNP status or linkage disequilibium between SNPs. The present approach does not provide terms for gene Â gene or gene Â environment interactions. Although future models that take these issues into account could improve their predictive power, our identification of only a limited number of SNPs in strong linkage disequilbrium with each other suggests that an additive model may provide only limited error in the current setting. (5) The twin data cited here provide estimates of heritability for smoking cessation among what are likely to be heterogeneous groups of smokers that include: self-quitters who might have been able to quit without treatment and smokers who require the benefits of the clinical trial in order to quit, perhaps in part due to comorbid psychopathology. 16 (6) Other alternative approaches that utilize stratification based on histories of psychopathologies such as major depression or of traumatic life events might add information to or even supplant parts of the molecular genetic analyses presented here. (7) The current paper uses variance estimates from the SNPs that we have identified from a published data set for smoking cessation success. This paper models effects of arbitrarily chosen sizes (for example 100 and 50% of genetic influences) for illustrative purposes. One goal of ongoing research in this area is to use the sets of SNPs that we have half-max genetic stratification vs random assignment. Cost differences (y axis, in millions of US dollars) with 0.9 power to achieve Po0.05 that are stratified by genotypes (half-max genetic influences, n ¼ 1019 genotyped, n ¼ 200 participants) vs conventional design (Po0.05, n ¼ 450) as recruitment costs (z axis, in US dollars) vary from $25 to $500 subject and trial costs (x axis, in US dollars) vary from $1000 to $25 000 per subject. We assume genotyping costs of $150 for data on the main surface of the plot. If genotyping costs rise to $300 per subject, and trial/recruiting costs are 1000/25 or 25 000/500 savings from half-max genetic stratification are $ À69 925 and $5 659 800, respectively. If genotyping costs rise to $500 per subject, and trial/recruiting costs are1000/25 or 25 000/500 savings from half-max genetic stratification are $ À273 725 and $5 456 000, respectively.
identified retrospectively in prospective studies of quitting success in independent samples. Such data will then allow us to make much better empirical estimates of the fraction of the actual variance in quitting success that can be actually accounted for by these sets of SNPs, allowing us to understand how well these particular SNPs correctly classify individuals into quitter vs nonquitter classes. Nevertheless, it is important to stress that we do not have current accurate information concerning the fraction of the variance in quitting success was actually accounted for by the 2311 SNPs modeled here, about how predictive the model would be with varying degrees of genetic effects, as we use the data from twin studies, and about how well the SNPs modeled here correctly classify individuals into quitter vs nonquitters, as the arguments are based on stochastic responses in groups of subjects, rather than on complete predictive knowledge of individuals' behaviors. (8) Application of these approaches assumes that we have information about SNPs whose allele frequencies help to distinguish successful from nonsuccessful quitters in the populations being studied. Issues relating to population stratification might require preliminary work when this approach is applied to trials of smoking cessation success in novel populations for which baseline allele frequency differences might render SNP markers less informative. The number of SNPs used in the current model comes from a single study. Many of these results have obtained substantial support from data from two additional samples. 13 Despite this encouraging data, genotypes at these 2311 SNPs cannot presently be considered to provide reliable estimates of quitting success or to correctly classify all individuals into quitter and nonquitter groups. The general conclusions of the work presented in this paper are independent of the exact nature of the SNPs used for these analyses, and should be applicable for any set of genomic markers that captures the fractions of the genetic component of successful smoking cessation used for these modeling approaches.
Despite the cautions noted above, the results of the current simulation studies appear to justify careful consideration of use of genotypic stratification for medium sized trials (for example n ¼ 200) that are characteristic of phase II drug testing. Such consideration should increase as increasing numbers of studies validate the roles of these individual SNPs and haplotypes in predicting success in smoking cessation. As phase II trials often provide the first clearcut indication of human efficacy for a novel therapeutic agent, positive results from genetically stratified (n ¼ 200) phase II studies could then allow focused genotyping in larger phase III studies. Positive results from phase III studies, in turn, could provide more accurate estimations of the likelihood that the novel treatment would work in quitters and in nonquitters from the general population.
Refinements in the present model are thus certain to take place as we obtain more data on more of the allelic variants that distinguish quitters from nonquitters. Even this initial model, however, underscores the likely benefits of applying molecular genetics to studies of smoking cessation. Such approaches could also inform design of pharmacological trials for other addictions and for other indications in which complex genetics would be likely to influence trial outcomes.
Materials and methods
Data used and assumptions used to model effects of genotyping on clinical trial costs and power include: (1) data: 0.5 heritability for quit success from twin studies; assumptions: 0.5 genetic influence on therapeutic trial outcomes; (2) data: little evidence for large gene Â environment interaction terms in twin data sets; assumption: additive genetic þ environmental influences in our model; (3) data: allele frequencies from one 'genome-wide association' study of nicotine quit success; assumption: these data can represent all studies; (4) data: power calculations document 0.45-0.9 power to detect alleles that influence quit success from our initial genome scanning study; assumptions: genotypes can readily assess 0.5 of genetic influences; (5) data: about 0.1 of smokers quit in placebo groups and about 0.2 in treatment groups; assumption: set threshold for the combined genetic and environmental scores for each individual in each sample so that 0.1 of placebo and 0.2 of treated smokers are successful quitters; (6) data: the magnitude of environmentally derived influences on smoking quit success matches the magnitude of genetic influences from twin studies; assumption: we can use the magnitude and variance of genetic components to approximate the variance of environmental features. Simulations assume that a threshold model for quit success and treatment effects provides a good first approximation of the underlying effects.
For this modeling, we use frequencies of allelic variants at 2311 SNPs that display the largest differences between nicotine-dependent research volunteers with continuous 6-week abstinence from smoking after treatment with nicotine replacement and mecamylamine vs research volunteers who were not abstinent at this 6-week time point. 10 To construct the samples for simulation studies, we use the 2311 allele frequencies to first built computerized representations of two subpopulations: (1) 100 000 'genetic quitters' and (2) 100 000 'genetic nonquitters', each assigned genotypes at the 2311 SNPs for which quitter and nonquitters differ at nominal Po0.005 with randomly assigned values with probabilities based on each SNP's allele frequencies in successful and unsuccessful quitters, respectively. Each individual in both genetic quitter and genetic nonquitter samples also received a set of 2311 'environmental factors' (relabeled from the 2311 genetic factors) that are assumed to contribute to the observed 0.9/0.1 nonsuccess/success ratio. The value for each of these environmental factors is thus randomly assigned from a group of relabeled values that come 0.9 from nonquitter allele frequencies and 0.1 from quitter allele frequencies.
To simulate a conventional study design, we use these mock individuals to build 100 000 different mock study samples. Each contains 0.1 'genetic quitters' and 0.9 'genetic nonquitters'. We assume that treatment effects are such that 0.1 of individuals quit with placebo and 0.2 quit with active treatment.
To simulate two genetically stratified study designs, we use these mock individuals to build 100 000 different samples that are each 0.5 or 0.25 'genetic quitters' and 0.5 or 0.75 'genetic nonquitters'. The 0.75 vs 0.25 comparison assumes that we can assess 1 2 of the total genetics with assays likely to be available in the near future.
We seek w 2 values for the difference between treatment and placebo for each of these 100 000 mock study samples. We note the distribution of these w 2 values. The fraction of trials for which the 0.1 vs 0.2 difference reaches nominal significance is reported as the power.
To examine the effects of genotype-based stratification on the cost of clinical trials, we graph the results of the following formula, based on the assumption that we can capture 1 2 of the total genetic influences with genotyping that costs $150, $300 or $500 per individual: difference in costs based on conventional designs vs design with genotype-based stratification is equal to: ((recruiting cost-450) þ (trial cost Â 450))À((recruiting cost Â 1019) þ (genotyping cost Â 1019) þ (trial cost Â 200)).
